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a b s t r a c t
This paper is the first to discuss the communal home meal delivery problem. The
problem can be modelled as a multiple travelling salesman problem with time windows,
that is closely related to the well-studied vehicle routing problem with time windows.
Experimental results are reported for a real-life case study from Central Finland over
several alternative scenarios using the SPIDER commercial solver. The comparison with
current practice reveals that a significant savings potential can be obtained using off-the-
shelf optimization tools. As such, the potential for supporting real-life communal routing
problems can be considered to be important for VRP practitioners.
© 2008 Elsevier B.V. All rights reserved.
1. Introduction
Transportation and vehicle routing optimization has been awell-studied success story in the commercial logistics sector.
However, in the public sector the application of optimization methods has been limited. Nevertheless, the public sector
hosts several relevant transportation applications which can often be modelled as variants of the Vehicle Routing Problem
(VRP) [19]. This should come as no surprise, as the Vehicle Routing Problem is the one of the most significant problems in
distribution management. Its objective is to find the optimal routes for distributing various shipments, such as goods, mail
and raw materials. The basic VRP consists of a number of geographically scattered customers, each requiring a specified
weight (or volume) of goods to be delivered (or picked up). A fleet of identical vehicles dispatched from a depot is used
to deliver the goods required, and once the delivery routes have been completed, the vehicles must return to the depot.
Each vehicle can carry a limited weight (or volume) and only one vehicle is allowed to visit each customer. It is assumed
that all problem parameters, such as customer demands and travel times between customers are known with certainty.
Solving the problem consists of finding a set of delivery routes which satisfy the above requirements at minimal total cost.
For more information on traditional VRPs, the reader is referred to Toth and Vigo [40]. Practical routing problems involve a
wide variety of additional customer and vehicle related costs and side constraints that need to be imposed on the traditional
VRP model. Bräysy et al. [5,6] provide an overview of these models and their dedicated solution techniques.
One of the best-known examples of public sector applications is winter maintenance operations (see [25–28] for recent
surveys). Other important applications include transportation of the elderly [8,23], home care [2,9], material and internal
mail transport, school bus routing [11,37], emergency vehicle routing [7,31] and waste collection [20,33,35]. Public sector
routing applications often involve large numbers of customers and complicated side-constraints, hence offering challenging
problem instances for the development of large-scale optimization methods (see e.g. [19]).
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In this paperwe focus on routing applications in the social and health care sector. The significance of this sector continues
to increase in the Western World due to the rapid increase in the percentage of the aged. In many countries, this implies
additional tasks to be handled at communal level. In this paperwe focus on Jyväskylä, amedium-sized city in Central Finland.
Jyväskylä has about 85000 inhabitants and an annual budget of about 384 million euros. In 2006, the total costs of social
and health care amounted to 240million euros, consumingmore than half of the annual budget. In Finland, according to the
constitution and communal law, the social service departments of municipalities are responsible for promoting the health,
social security and independent lifestyle of individuals and families. As a result, home care and serviced housing forms part
of the social services arranged by cities. In practice, home care assists patients in daily life including personal care, cleaning,
laundry, bathing, shopping, monitoring clients, transportation, escorting, social interaction and delivery of meals. In most
communities, the services are also available duringweekends and at night. Sheltered housing consists of arranging a serviced
apartment to thosewho are in the need ofmore active care. Service fees can be charged, but the fee cannot be higher than the
actual cost of providing the service, and everyone is entitled to receive the services, regardless of one’s financial situation.
Like other Finnish cities, the city of Jyväskylä designs the routes for the home meal deliveries manually.
Home meal delivery typically consists of vehicles starting from the same central kitchen to deliver meals to customers,
picking up and returning the packing to the kitchen if it can be reused. The focus is usually onminimizing travel time and/or
travel distance, subject to a route duration and vehicle capacity constraint. The contribution of this paper lies in describing
and modelling the practical relevance of the home meal delivery problem for the first time. It will be shown that various
home meal delivery settings can be modelled and solved effectively and, in addition, the application to a real-life case will
illustrate that cost savings can be significant. The size of meal delivery problems arising in large cities offers an additional
challenge to VRP researchers. As such, the paper can contribute to increased research regarding optimization techniques in
the public sector, to provide services to a growing aging population with limited budgets.
The remainder of this paper is organised as follows. In the next section we describe the details of the homemeal delivery
service and showhow the problem can bemodelled in terms of existing optimization problems from the literature. Section 3
presents the solution methodology used to solve a real-life home meal delivery problem. The experimental results of the
case study are given in Section 4, followed by conclusions in the last section.
2. Problem description and modelling issues
The city of Jyväskylä’s meal service is organised by the city’s home care unit. In 2005 the meal service had 827 customers
and a total number of 95625 meals were delivered. On average, 262 meals are delivered per day and 7900 per month,
indicating a stable overall demand which is confirmed by the low standard deviation. The daily demand for meal service
does vary, as some customers do not order a meal every day. A single meal is priced at 8 euros, but if the customer also
receives other home care services, the price is reduced to 7 euros. In 2006 the total transportation costs for the city to
provide the service, organised in nine separate lines, was about 174000 euros.
Warm meals are directly delivered from the central kitchen on a daily basis (including weekends and holidays). If
necessary, the meals can also be delivered cold (to be heated by the customer at his convenience), but this does not affect
the delivery pattern since it is the same vehicle that carried out the delivery. Currently, the nine separate lines are fully
outsourced to private companies. The deliveries are made with private cars.
The drivers pick up the meals according to a fixed schedule, starting from 9.30 in the morning. Packing the meals takes
about 10 min, and only one vehicle can be loaded at a time. Therefore, loading time windows are specified for each of the
nine vehicles. As a result, the last vehicle departs from the kitchen at around 11 o’clock. After packing, the cars deliver the
meals according to routes specified by the city of Jyväskylä. All deliveries have to bemade between 10.00 and 13.30, namely
within 3.5 h. However, the Finnish Food Safety Authority (EVIRA) recommends that warmmeals should be delivered within
two hours of leaving the kitchen. In practice, the latter time limit is often exceeded, as it is not an official fixed time limit
that has to be respected.
Themeals are delivered directly to customers’ home addresses. Whenmaking the delivery, the driver may also assist the
customer to set up and start themeal, possibly helpingwith a customer’s medication etc. For our computational experiment
in Section 4, we assume that, on average, each visit takes 3 min. This service time only refers to the time needed to walk
to the door and hand over the meal to the customer. Occasionally, more time is needed to assist the customer, but in most
cases less time is needed, resulting in a low average service time. The time needed for slowing down and parking the vehicle
is accounted for by adjusting the average vehicle speeds.
The meals are packed in 250 mm × 350 mm × 110 mm reusable containers that the drivers take back to the central
kitchen once the deliveries are completed. As the number of meals in each route is rather low, the meal packages easily fit
into a private car. Therefore, vehicle capacity does not constrain deliveries in any way. As the total allowed delivery time
(3.5 h) is longer than the recommended delivery time (2 h), an efficient solution to the problemmay involvemultiple routes
(2) per vehicle, a well-known issue in the VRP literature (see e.g., [22,24] for recent studies).
Given the delivery time windows at the customers and the single depot (kitchen), the maximum duration for the routes,
the problem can bemodelled as a multiple travelling salesman problemwith time windows (m-TSPTW) [15]. Them-TSPTW
is an extension of the traditional travelling salesman problem (TSP) or can be considered to be a simplified version of the
well-studied VRP with Time Windows (see e.g. [3,4] for a recent survey). The travelling salesman problem (TSP) is one
of the most basic, most important, and most investigated problems in combinatorial optimization. It consists of finding the
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Fig. 1. The location of customers in the delivery area.
cheapest tour (minimum total distance or someother costmeasure associatedwith the performed trajectory) to sequentially
visit a set of clients (cities, locations) starting and ending at the same client. Vehicles are uncapacitated. The TSP’s apparent
simplicity but intrinsic difficulty (NP-hard combinatorial optimization problem) in finding the optimal solution has resulted
in hundreds of publications. A recent literature review can be found in [13]. References to industrial applications and a
comparison of recent approaches can be found in [15].
In the case at hand, nine uncapacitated vehicles are used, a situation known in the literature as them-TSP problem [16,17].
If returning to the depot were not required, the problemwould reduce to an Openm-TSPTW, which, to our best knowledge,
has not been studied previously. Open VRP and VRPTW have recently been studied in [32,39], respectively. For a recent
survey on m-TSPs, the reader is referred to [1]. Should the current delivery areas/addresses per route be treated as given,
the problem could be modelled as several separate TSPTWs [21].
All delivery requests are located in the Jyväskylä area, including downtown and rural areas, as demonstrated in Fig. 1.
As the city of Jyväskylä and the subcontractors consider total distance and the number of routes to be the main cost
to drivers in offering the service, the objective function for the computational experiments in Section 4 is defined as the
minimization of the number of vehicles and total distance.
3. Solution method
The problem was modelled and solved using SPIDER Designer 4.0, a commercial routing tool from the vendor
SPIDER Solutions AS (www.spidersolutions.no). The tool is based on the VRP solver SPIDER Planner developed by SINTEF
(www.sintef.no). Designerwas applied, togetherwith detailedNavteq (www.navteq.com)maps for Finland, offering reliable
speed anddistance information and information on alloweddriving directions. SPIDER includes a comprehensiveVRPmodel,
including all constraints and objectives listed in previous sections. For details, we refer to [12].
The optimization kernel of SPIDER Planner is based on local search and metaheuristics. An initial solution is constructed
using a relatively greedy and fast method. The initial solution is improved, as long as there is still time. Improvement
consists of alternating phases of intensification and diversification according to the Iterated Local Searchmetaheuristic [15].
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Table 1
Current solution: Number of delivery requests on each day and route.
Day Tour 1 Tour 1/2 Tour 2/2 Tour 3 Tour 4 Tour 5 Tour 6 Tour 7 Tour 8 Tour 9 Sum
Mon 36 19 28 23 37 30 37 32 42 27 311
Tue 33 13 20 18 29 27 29 27 21 24 241
Wed 39 15 26 21 32 34 37 28 43 25 300
Thu 30 14 22 29 35 27 27 23 21 19 247
Fri 40 22 28 26 36 31 40 32 42 27 324
Sat 32 12 20 31 31 35 29 27 23 24 264
Sun 36 13 23 28 30 36 26 22 26 25 265
Sum 247 110 169 179 234 225 231 198 226 180 1952
During each intensification phase, the current solution is iteratively improved by a sequence of neighbourhood operators,
according to a particular kind of Variable Neighbourhood Search (VNS) type ofmetaheuristic called Variable Neighbourhood
Descent (VND) [18]. Between each intensification phase, the current solution is diversified. SPIDERhas several diversification
mechanisms that may be employed, but an iterative ‘‘destroy and reinsert’’ method similar to the one proposed by Pisinger
and Röpke [29] is the one used in this paper.
The initial solution is constructed using an extended version of the cheapest insertion heuristic I1 in [36]. The constructor
searches over several values for the most critical parameters to get a higher quality initial solution. Planner also has several
extensions that deal with constraints and objectives of complex real-world problems, but these do not apply in our case.
To be more precise about the VND intensification procedure, SPIDER Planner applies a set of well-known local search
neighbourhood operators in sequence. These have been extended to cater for the extended, rich VRP model. In our
investigation, the following subset of available, extended operators is used: Relocate [34], 2-opt* [30], CROSS-exchange,
an opportunistic variant of CROSS-exchange [38], 2-opt [10], 3-opt [14], and Tour Depletion. The operators were applied
with the best accept strategy, i.e., the best improving move is first identified and then accepted.
VND iteratively explores neighbourhoods Nk, k = 1, . . . , K for the descent and, in our case, applies a best improvement
strategy to each. VND can be successful because a local optimum within one neighbourhood is not necessarily a local
optimum for a different one. Thus, changing the neighbourhood can result in better local optima, but the performance of the
VND can depend on the sequence in which the local search operators are employed.We now describe the operators in more
detail. For all operators, all neighbouring solutions that follow from employing the given operator on the current solution
are investigated, unless stated otherwise.
The Relocate operator reinserts a single customer in another position, either in the same or in a different route. The goal
of 2-opt* is to combine two routes so that the last customers of a given route are introduced after the first customers of
another route and vice versa, thus preserving the orientation of the routes. In other words, the end portions of two routes
are exchanged. CROSS-exchange swaps segments of customers between two routes. One first removes two edges (i− 1, i),
and (k, k+1) from the first route and two edges (j−1, j) and (l, l+1) from the second route. Then the segments i−k and j− l,
which may contain an arbitrary number of customers, are swapped by introducing new edges (i− 1, j), (l, k+ 1), (j− 1, i)
and (k, l+ 1). Due to the typically vast number of neighbours that would result, segment length is limited to 3. To alleviate
this limitation, another opportunistic CROSS-exchange variant is used in parallel with the systematic one. For a given pair of
tours, it identifies themost promising segment end points based on arc lengths, and systematically investigates the exchange
of all resulting pairs of segments. The 2-opt operator tries to improve a single route by systematically replacing two of its
edges by two other edges in all possible ways, and iterates until no further improvement is possible. Correspondingly, in
3-opt, all possible selections of 3 edges are replaced with new ones in order to improve the solution. The tour depletion
operator aims at reducing the number of routes by attempting to deplete a given route and reinsert its customers in other
routes, one at a time. The tours having the fewest customers are considered for elimination first, and the procedure is iterated
until no more depletion is possible. Again, we refer to [12] for more information on the optimization algorithms of SPIDER.
4. Experimental results
The computational testswere donewith anAMDAthlon 64X2 3800+ computerwith 1GBmemory. The testswere carried
out with the Jyväskylä meal delivery data, described in Section 2. The data consists of a given number of delivery requests
for each day of the week, currently divided into nine delivery routes, as shown in Table 1.
In the current routing plan, the average distance of the current, manually planned tours is 26.21 km. Correspondingly,
the shortest and longest current routes are 9 and 45 km. Vehicle 2 currently services two separate tours, as shown in the
table. To be more precise, the current planning is based on a manual geographic partitioning of the city. The service of
the customers in these separate geographical areas was outsourced to individual entrepreneurs after an official tendering
procedure. Within each service area, the entrepreneurs plan the routes independently.
SPIDER allows for adjustment of the speed limit on the various types of roads (5) to better approximate the actual driving
time influenced by traffic lights, acceleration, congestion, parking etc. In our experiments, we have estimated the actual
driving time for the smallest local road up to motorways to be respectively, 50%, 60%, 70%, 80% and 100% of the speed limit
on those roads.
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Table 2
The tested scenarios.
Scen. TSP/ VRP Open/Closed VRP Max tour duration (h) Time windows Number tours Simultaneous loading
1 TSP Closed – 10–13.30 1–2 No
2 VRP Closed 2 10–13.30 2 No
3 VRP Closed 3.5 10–13.30 1 No
4 VRP Closed 2.5 10–13.30 2 No
5 VRP Closed 3.5 10–13.30 1 Yes
6 VRP Closed 5 8.30–13.30 1 No
7 VRP Open 3.5 10–13.30 1 No
Table 3
The savings obtained compared to the current situation.
Savings Scen. 1 (%) Scen. 2 (%) Scen. 3 (%) Scen. 4 (%) Scen. 5 (%) Scen. 6 (%) Scen. 7 (%)
Distance 22.68 12.41 33.35 20.50 33.52 36.67 51.24
Vehicles 0 26.98 30.16 26.98 34.92 50.79 30.16
Seven different optimization scenarios were tested and are compared to the costs of the manual solution. The scenarios
vary according to the maximum duration of delivery tours, the allowed delivery time windows of customers, the number of
tours per vehicle, the loading timewindows at the depot (central kitchen), possible return to the depot at the end of the day,
andwhether only the given tour sequences or the whole VRP is optimised. Six different closed tour scenarios are considered
with varyingmaximum tour duration and timewindow specifications. As a result of the current practice (best approximated
by scenario 3) whereby the vehicles return to the depot to return the reusable food containers, only a single open routing
scenario is considered. Given that current practice only allows loading of a single vehicle at a time, only a single scenario
for loading 2 vehicles simultaneously is considered (Scenario 5). The scenarios and the corresponding CPU time limits are
described in Table 2.
The savings obtained through optimizing each scenario are presented in Table 3. The optimization was stopped after 5 s
in Scenario 1 and after 20 s in other scenarios. We also tested longer computation times (up to 500 s) and different available
search diversifiers but found only minor additional improvements (0.5–1%). We believe this is mainly because the solutions
obtained with the standard setting are already of very good quality. Therefore, we concluded by executing the tests with
the above described default setting.
As shown in Table 3, just by optimizing the order in which the deliveries are made in each current route (i.e., TSP
optimization) one can reduce the total distance travelled by 22.68%. This number is exceptionally high. Because of the poor
definition of the service areas, and the large number of one-way streets and complex traffic conditions in the city center,
the downtown area of Jyväskylä is quite demanding for a manual route optimization. The largest savings obtained by the
TSP optimization procedure therefore also correspond to routes operating in the downtown area.
By also allowing the optimization of the allocation of customers to tours (i.e., normal VRP optimization) the savings are
typically even larger. Probably the best benchmark for current practice is scenario 3, where one has a 3.5 h time window
available for making the deliveries. According to Table 3, the use of routing software would generate 33.35% savings in
distance and a 30.16% saving in the number of vehicles needed, compared to the current practice, while keeping all service
conditions the same.
Scenario 2 is the best match with the current recommendations on route length, with its 2 h time limit for routes.
However, from Tables 1 and 4 it is clear that the current routes do not meet this time limit either. In fact, the average
duration of current routes must be even more than the average 146.8 min of Scenario 1, because the current routes are
longer. This means that even the routes with a 2.5 h time limit (corresponding to Scenario 4) are more constrained than the
current routes. Nevertheless, scenario 4 would give over 20% savings in both distance and number of vehicles.
Currently only one vehicle can be loaded at a time, causing most vehicles to depart from the central kitchen between
10 and 11 when deliveries are already allowed, thus reducing the possible delivery time window. This could be improved
by constructing a larger loading platform that allows loading of multiple vehicles at the same time. Results of scenario 5
demonstrate a case where two vehicles can be loaded simultaneously. According to results, the simultaneous loading would
reduce the number of vehicles needed by about 4% but would not have much effect on the total distance, compared to the
otherwise similar scenario 3.
Current tour durations are probably over 2.5 h and the trend is towards meals that are cooled after being prepared at
the central kitchen and that can later be heated up by the customer or the home care personnel at their convenience. These
facts support the idea of not following the 2 h regulation to guarantee a pre-heated meal. If the 2-h specification need not
be followed, it becomes possible to extend the delivery time window from the current 3.5 h. Scenario 6 demonstrates the
results of a 5-h time window. As one can see, this extension provides substantial savings, up to 50.79% in the number of
vehicles and 36.67% in total distance, compared to current practice.
Currently the meals are packed in special packages that need to be returned to central kitchen at the end of the day. The
packages are then cleaned to be used the next day. In many cases, returning to the central kitchen at the end of the day
requires a substantial amount of driving and time, compared to a situation where one would not need to return. This would
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Fig. 2. The optimised routes in the Jyväskylä area.
Table 4
The minimum, average and maximum durations of the optimised routes.
Duration Scen. 1 Scen. 2 Scen. 3 Scen. 4 Scen. 5 Scen. 6 Scen. 7
Minimum 73 43 42 32 48 46 23
Average 146.8 108.3 198.7 116.9 209.3 274.4 184.5
Maximum 189 135 239 161 238 323 228
be possible e.g. by using disposable packages, or by delaying returning the packages to the kitchen until after the next day’s
meal deliveries. As can be seen from Table 3, this would provide significant savings of even over 51% compared to the current
practice.
Fig. 2 illustrates the optimised routes in the Jyväskylä area. The number of deliveries in the current solution varies
between 12 and 43, averaging to 30.9. For example, in the optimised Scenario 2, the corresponding variance and average are
6–33 and 21.9, and in Scenario 3 they are 7–64 and 44.4.
The minimum, average and maximum durations in minutes of the tours corresponding to the optimised solutions
presented in Table 3, are given in Table 4.
The fact that in some cases (e.g. Scenario 2), the duration of the longest tour is over the pre-defined time limit for
delivering the meals (here 2 h, i.e., 120 min) is explained by the fact that the duration also includes the time of return
to the depot.
The average speed (total distance/driving time excluding service time) in the optimised solutions was 27.68 km/hwhich,
in our opinion, sounds feasible, given the wide expanse of rural areas.
According to Fig. 3 most of the time is used to deliver the meals to the customers. The driving requires about 26%–30%
of the time. The longest driving time is obviously required for Scenario 2 with two routes and two visits to the depot per
vehicle on each day.
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Fig. 3. The time used for delivery to the customer (lower section), driving (mid section) and loading the vehicle at the kitchen (upper section).
5. Conclusions
Delivery of meals to the homes of the elderly is an important and resource consuming part of home care operations
and social and health care services in European countries. In this paper, we have studied a case from the Finnish city of
Jyväskylä. The route optimization problem was modelled as a multiple Travelling Salesman Problem with time windows,
with minimization of vehicles and total distance as objective components. To illustrate the potential of widely available
routing software, a commercial, heuristic route optimization tool called SPIDER Designer was used to implement the model
and to automatically create optimised routes. Experimental results are presented for several alternative scenarios and
compared against the current manual solution. The results show a significant savings potential, up to 50% in both distance
and number of vehicles, offering quantitative decision support to communal decision makers for renewing outsourcing
contracts. Currently a pilot project based on scenario 3 is being examined in more detail by the city of Jyväskylä. The final
project is scheduled to be implemented in the winter of 2008. Meals are to be delivered cold and heated at home, and
planning is to be supported by routing software.
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